Abstract-This paper presents a novel real-time crack identification
factors, heavy shrink fits, grooves, and other stress concentration factors that promote the crack initiation. Once a crack is initiated it propagates and the stress required for propagation is smaller than that required for crack initiation. After many cycles operating stresses may be sufficient to propagate the crack. The crack propagation takes place over a certain depth when it is sufficient to create unstable conditions and fracture take place. It is important to develop new real-time based non destructive techniques to predict the behavior of a crack in order to avoid human and economical disasters.
Crack detection and diagnostic techniques can be classified into signal-based and model-based methods. Y. Narkis in 1992 [1] derived a continuous equation to determine the location of a crack on a homogeneous and symmetric rotor. The crack was simulated by an equivalent spring, connecting the two segments of the beam. Narkis used algebraic equations which relate natural frequencies to beam and crack characteristics. It was found that the only information required for accurate crack identification is the variation of the first two natural frequencies due to the crack.
The reliability of the proposed method was evaluated with finite element method using ANSYS software giving acceptable results. K. Bikri [4] used an embedded modeling approach to identify the change in stiffness of a shaft as a result of a crack. They worked with a new methodology to identify multi-degree of freedom nonlinear systems from the system's operating data. The methodology includes a new nonlinear model architecture which embeds feedforward neural networks to represent unknown nonlinearities in a lumped parameter model, and a learning algorithm to train the embedded neural networks as well as model parameters to obtain model fidelity. The change in stiffness of the shaft was approximated using neural network, which is then, in turn, embedded in a lumped parameter model of the shaft. The neural network is refined iteratively with a solution method to minimize a cost function based on the difference in the response of an embedded model and the data collected from the cracked system.
Model based methods treated the crack identification in the static frame of coordinates to estimate the changes in natural frequencies, mode shapes and damping ratios of the shaft due to a reduction in local stiffness provoked by the presence of a crack. These methods require enormous amounts of computational time and effort. Furthermore, it is not easy to obtain an accurate measurement of the crack effects using an analytical approach. The simulating study presented in this research introduces the analysis of the dynamic system in the rotating coordinates based on the acceleration signals at different points of the shaft rotating at a constant driving frequency. An attempt has been made to detect the presence of a crack in a rotating shaft, and determine its location and size, based on experimental modal analysis. Previews experimental methods require high speeds to extract modal parameters like natural frequencies and frequency response amplitudes. Another advantage of the proposed method is that the system can be safety monitored online without the need to reach the fundamental frequency avoiding extreme operational conditions for diagnosis. Therefore, the crack can be identified and characterized in operational condition without the need of dismounting the shaft. This paper presents a novel real time monitoring technology, which uses a set of acceleration frequency response of a shaft rotating at a fixed driving frequency, to determine position and depth of a transverse open crack on the shaft. A fault simulator machine was employed to simulate the system, where a shaft is supported on two bearings and a disk is attached at the midspan. The shaft is rotated by an electrical motor coupled to the shaft on one side. The rotating shaft vibrates in bending due to the harmonic excitation force induced by the unbalanced disk. 
II. GENERAL DESCRIPTION OF THE SYSTEM
A complex system like a steam turbine can be represented by a Jeffcott Rotor in Figure 1 (a), where the rotating shaft-disk system is modeled assuming that the bearings are rigid and provide no damping to the system. The shaft is assumed elastic and will deflect with respect to its equilibrium position in the presence of external mass unbalance due to the eccentricity of disk mounted at the midspan. The open crack was considered as a small element with reduced stiffness within the finite element model. Only one crack is assumed for this study and external damping was neglected.
Wireless sensor directly mounted on the shaft allow to analyze the rotating system in a static frame relative to the sensor, therefore the model is assumed as a fixed beam carrying the disk and experiencing mainly flexural stresses due to the harmonic excitation of the disk at the midspan. 
The reduced stiffness and mass matrices are calculated as
Requiring for a nontrivial solution that
The force vector of the system and the modal matrix are employed to estimate the steady state response of the shaft subjected to the harmonic force 0 cos( ) F t ω θ − acting on the node 4 due to the unbalance disk. The force vector is assembled as follows.
Neglecting damping and assuming 0 θ = , the system can be represented with the normal equation into Equation (10) gives the amplitudes of deflection at the nodal coordinates. The second derivative corresponds to the amplitudes of acceleration at the nodal coordinates is.
IV. EXPERIMENTAL SETUP An accelerometer ADXL202E with duty cycle output was conditioned to work wireless by the transmitter TXM-418-LC and the receiver RXM-418-LC-C. The accelerometer used is capable of measuring positive and negative absolute accelerations at least +/-2g. The sensor is a surface micro-machined polysilicon structure built on top of silicon wafer. Polysilicon springs suspended the structure over the surface of the waffer and provoke a resistance against acceleration forces.
Deflection of the structure is measured using a differential capacitor that consists of independent fixed plates and central plates attached to the moving mass. The resulting output is a square wave whose amplitude is proportional to acceleration. Data acquisition system consists of an acquisition board National Instruments CB-68LP, which connects the receiver circuit with the data acquisition board NI6024E. The data acquisition board is connected to the communication port of a laptop computer. Analog signal is sent by the transmitter as radio frequency waves at 418 KHz, which is launched by the receiver to the data acquisition board and data acquisition card. A set of this signal is recorded by the data acquisition card connected to the laptop
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computer. This card was configured to work with the software Matlab 7.1 and the signal processing toolbox. The signal was also monitored by an oscilloscope connected in parallel to the receiver circuit during the sampling. Figure 4 shows experimental setup and wireless sensor. training algorithm was employed in this study as a non linear function approximator to establish a relationship between input vectors and target values. LMBP algorithm introduced by Hagan [5] was selected because it is one of the most efficient and fasted algorithms. The performance of the network is measured by comparing the output of the network with the corresponding target value.
Known inputs P and targets T were obtained first theoretically by the simulation with finite element method and then experimentally employing the wireless accelerometer. The input vector (P) was created from the difference in the spectral amplitudes of acceleration response between cracked and uncracked shaft at nodes 4, 5 and 6. The target matrices were constructed by considering known locations and depths of the crack to be associated with the pattern of amplitudes of acceleration response differences. A neural network is trained when the learning algorithm find the weight matrices and bias vector in such way that the error between predicted and actual data is minimized. This behavior can be attributed to the low sensitivity of the vibration parameters obtained from PSDAA differences obtained from at the nodes of analysis of the structure. Table 1 summarizes the performance of the neural networks: 
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